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Abstract
Accurate space-use prediction helps architects to optimise space efficiency in buildings, thereby achieving economic and environmental sustainability. However, current space-use prediction models and approaches either disregard or oversimplify the role of building users’ space preferences in spatial-choice behaviour, thereby compromising prediction accuracy. The aim of this study was thus to develop a space-preference model of spatial choice behaviour with a focus on group work-related activities. A total of 2,464 observations of spatial choices were collected using a discrete-choice experiment. The data were modelled using a conditional logit model and then validated in a predictive success test. The resulting model clearly explains space preferences for group work-related activities and predicts spatial-choice behaviour by generating space-use probabilities for given spaces. The model is compared to a space preference model for individual work-related activities. Lastly, the application of the model was demonstrated in a case example. 




Each additional square metre of building space increases environmental and economic costs (Norman, Maclean, and Kennedy 2006; Carlson 2009). It is, however, easily discovered that many indoor spaces are rarely used or even altogether unused for long periods of time, although the conditions of those spaces continue to be maintained for use, which in turn incurs space maintenance costs and energy consumption. At the same time, there are constantly crowded spaces that have detrimental effects upon building users’ work productivity. Finding a well-balanced design solution is therefore important so as to ease such an imbalance (Promes 2017; Musau and Steemers 2008). 
However, it is difficult for architects and engineers to optimize design solutions, not only because the use of space differs from one space to another but also because it is the outcome of complex interactions between the user, user activity, and the space itself (Tabak 2008; Kim, Cha, and Kim 2016). In practice, therefore, building space is prone to be crowded or underutilized, or to oscillate over time between these extremes. For this reason, a vital requirement during the design phase is accurate space-use information by which architects and engineers can detect potentially crowded or underutilized space and then modify or eliminate not only unnecessary space but also unnecessary mechanical, electrical, and plumbing (MEP) systems.
In this context, a growing body of research has been devoted to project-specific space-use prediction. For example, workplace planning (Pennanen 2004) and space-use analysis (SUA) (Kim et al. 2013) predict space-use in the light of the building’s user profile, activity requirements and basic space characteristics (e.g. size, equipment) under the theory of the space utilization rate (i.e. the percentages of frequency in use multiplied by the percentages of occupancy). Tabak (2008) has also developed the User Simulation of Space Utilisation (USSU) system which incorporates user occupancy schedules and movements with reference to building users’ activity schedules. However, the primary assumptions of these models/approaches are that activities have their spatial requirements (e.g. equipment, space size) and that they take place in spaces meeting those requirements. With such assumptions, a crucial problem arises whenever multiple spaces meet the requirements. This is because the models take no account of space preference in spatial-choice behaviour despite its importance in practice. For example, although users actually choose a space according to their preference, SUA evenly distributes activity loads across spaces meeting the requirements, whereas in USSU the nearest space is selected for the activity regardless of spatial-choice behaviour. Thus, existing models have limited predictive power with respect to accuracy and realism.
The importance of spatial-choice behaviour in predicting building space use has been highlighted only recently (Cha and Kim 2014). Cha and Kim (2015) developed a conceptual framework of agent-based space-use prediction, which proposes the following three stages to generate more reliable and accurate space-use information in consideration of space preferences of spatial-choice behaviour: first, activities are linked with space types that meet functional requirements of the activities as existing models/approaches link them. Second, when a space type is chosen for an activity, space preference that may differ according to activity types and user types is taken into account to link the activity with a space of the same space type. In the first two stages the time-factor and space-use of each building-user are not considered, whereas space-use of each building user over time is simulated in the third stage.  The simulated space-use follows behavioural rules such as individual memory, habitual behaviour, satisficing, variety seeking based on the outcomes of the first two stages. 
As an initial investigation into the second stage, Cha (2015) developed a space-preference model for individual work-related activities (‘individual work’ hereafter) based on discrete-choice modelling (DCM) and using a discrete-choice experiment (DCE) with a focus on Higher education (HE) buildings where spatial choices account for space-use to a greater extent than occurs in office and residential buildings. However, individual work is only one of many activities taking place in HE buildings (Eom, Stone, and Ghosh 2009), so that spatial-choice behaviour cannot be explained by individual work alone. Indeed, Kim, Cha, and Kim (2016) indicated that, the two most frequent work-related activities in HE buildings are individual work and group work except class or lecture attendance activity (which has a set location).
Thus, the aim of the present study is to contribute to knowledge at the second stage by developing a space-preference model for group work and comparing the model with that of individual work (Cha 2015), under the assumption that space preferences in spatial-choice behaviour will differ between individual work and group work. To this end, we adopted the same method (i.e. DCE) and procedures as those in Cha (2015), because DCM constitutes an efficient platform for embodying preferences in a quantitative and systematic way by using mathematical equations. Specifically, we first designed a DCE for group work and administered a face-to-face, paper-based survey among university students in Hong Kong. Next, we modelled space-preferences for group work, using the survey data by means of a conditional logit model. The resulting space-preference model was then compared with the individual work space-preference model using the chi-square. Lastly, a demonstration study was conducted to show the applicability of the model in building planning and design.

Literature review
Models/Approaches to predicting space-use during the design phase
A refined space-use prediction model is needed to generate accurate and realistic space-use data for optimal solutions during the design phase. Numerous studies related to space-use have been undertaken with diverse purposes in various fields of enquiry. Occupant flow modelling in non-emergency situations, an aspect of traffic-flow modelling, is used as a quantitative measure to predict the movement of occupants through indoor space, thereby helping architects to determine whether there will be any problem with occupant flow throughout a building (Dzeng 2012; H.-Y. Lee, Yang, and Lin 2012; Ma et al. 2013; Nassar 2010; Nassar and Elnahas 2007). Alternatively, evacuation modelling, which takes into account occupant behaviour during emergencies, has been developed for safe egress design (Gwynne et al. 2001; Li and Chow 2003; Lo et al. 2004; Pan et al. 2007). 
	The human indoor navigation system has been the subject of much research (Afyouni, Ray, and Claramunt 2012; Fallah et al. 2013; Hidayetoglu, Yildirim, and Akalin 2012). However, this research concentrates upon users’ movements within a building. For better spatial planning, architects require information about where and how long occupants stay in one space and about how many occupants can be found across different spaces. Architects’ empirical experience still plays an important role in estimating such information for small projects or for those when there is no guideline to which reference can be made. In practice, a guideline approach is commonly employed because the empirical approach has no specific metric. Guidelines are generated on the basis of findings from comparable projects in the past, from post-occupancy evaluations, from surveys, and from the architect’s cumulative expertise (Erhan 2003; Kim et al. 2013). Consequently, for similar projects, architects consult guidelines in order to determine the number and size of certain types of space under consideration for the user’s requirements. Although this approach is preferred to an empirical approach, it does not take into account project-specific space-use information e.g. in relation to project-specific activities.  
	For this reason, workplace planning (Pennanen 2004) and SUA (Kim et al. 2013) were developed to predict project-specific space-use in the light of user profiles, activity requirements, and basic space characteristics (e.g. size, equipment). Although, by directly computing the space utilization of specific projects, these models produce more accurate space-use data than the guideline approach, the method is unsuitable where many spatial choices account for space-use, as is the case in HE buildings, and in office buildings where ‘hot-desking’ is practised. Indeed, when several spaces meet the functional requirements of a variety of activities, workplace planning in conjunction with SUA distributes the activity load evenly across the spaces while USSU (Tabak 2008) selects the nearest space. 
	In reality, however, occupants choose a space according to their space preferences and routines (Cha and Kim 2014). Goldstein, Tessier, and Khan (2011) consider spatial choice behaviour using distance cost function, but distance alone is not enough to explain spatial-choice behaviour. Therefore, in order to reflect spatial-choice behaviour in space planning, Cha and Kim (2015) developed a conceptual framework of agent-based space-use prediction that proposes three stages in generating more reliable and accurate space-use information. Cha (2015) conducted a survey to identify the important space attributes in a spatial choice from a total of eighteen selected from post-occupancy evaluation studies (Bluyssen, Aries, and van Dommelen 2011; Lai and Yik 2007; Y. S. Lee and Guerin 2009; Frontczak et al. 2012; Zagreus et al. 2004). He then designed DCEs using the identified eight most important attributes because more than eight attributes are not recommended to include in the DCEs due to cognitive burden of respondents (Ryan et al., 2012). In addition, he used four-levels in each attribute on the understanding that four levels capture more diverse preference variation than two or three levels would do (Hensher, Rose, and Greene 2005). He then developed a space-preference model for individual work with a focus on HE buildings where spatial choice largely accounted for the use of interior space.  

Measuring and modelling preferences
Two types of preference exist: revealed and stated preferences. Revealed preferences can be measured through the observation of people’s behaviour in real-world settings. Owing to high external validity and ease-of-use (Kjaer 2005), many researchers have measured the revealed preferences and studied the impact of various variables on the preferences of interest by using quantitative methods such as travel cost (Hunt 2005; Mangan et al. 2013) and hedonic pricing (Hill and Syed 2016; Stanley, Lyons, and Lyons 2016). However, the potential of this type of preference measurement becomes limited when only limited sets of variables and their impact on preference can be observed (Louviere, Hensher, and Swait 2000). Thus, although preferences revealed by measurement and modelling can be useful in describing an observed phenomenon with high external validity, they cannot be used to predict a phenomenon that has neither been observed nor experienced. 
By contrast, stated preferences can be measured by the development of hypothetical cases and by taking people’s statements about how they might behave in such cases. This type of preference is more useful in developing a prediction or a planning model because researchers can conduct an experiment which comprises as many variables (and levels for these variables) as are required and which generates equal chances for different cases to be observed (Louviere, Hensher, and Swait 2000; Wardman 1988). The present study adopts stated preferences since they permit coverage of a wide range of space attributes and their levels, which is essential to maintain high practicality in new building projects. In addition, by measuring stated (instead of revealed) preferences, the study can separate the effects of a group of factors from others that are difficult to model but which clearly exist, such as habitual behaviour, satisficing, and variety-seeking. 
Choice modelling is a method for modelling stated preferences, which are generally elicited in DCEs, contingent rating, or contingent ranking (Louviere, Hensher, and Swait 2000). DCE simply asks respondents to choose one alternative out of several ones with different sets of attributes, whereas contingent rating or ranking methods asks respondents to respectively rate or rank each of alternatives. Accordingly, contingent rating and ranking methods are more demanding than DCE (Louviere et al. 2000). This issue could be more problematic especially when there are many space attributes that would affect spatial choice behaviour. This study thus adopts DCE as a means to elicit stated preferences.
DCM using data collected from DCEs is based on random utility maximisation theory (McFadden 1974), in which the obtainable total utility Un j when a person n chooses an alternative j (a space alternative) comprises systematic utility Vn j (the deterministic component based on known and important space attributes) and random utility εnj (the random component based on unknown or unimportant space attributes), as shown in Equation (1). 
                                                (1)
Systematic utility Vn j of alternative j is calculated by multiplying the parameters βk {1,…,K} of the variables (known and important space attributes) that are presented to respondents in the DCEs and xnkj (levels of space attributes), as shown in Equation (2). The more important attributes are in DCEs, the higher predictive power is achieved because it involves more deterministic components, but the number of attributes in DCEs should be no more than eight, taking into account the respondents’ manageability. 
                                                      (2)
Random utility ε n j has a probability distribution. Equation (3) shows how ε can influence the probability of a person (n) choosing one alternative (i) over another (j).

                    (3)
The probability distribution that is assigned to ε in turn determines the type of DCM. There are several different models with different probability distributions, such as standard conditional logit, multinomial probit, nested logit and mixed logit models. Therefore, according to different assumptions about choice behaviour, researchers choose an appropriate model (Louviere, Hensher, and Swait 2000). In building design, varying design options that may either add or substitute spaces need to be compared.  A standard conditional logit model in this sense fits the purpose in which ε is independent and identically distributed (IID), permitting the addition or substitution of alternatives (Train 2003). Thus, the model will take the form of Equation (4) for the probability computation (where λ denotes a model scale parameter): 

When comparing models based on different data sources, the scale parameter (λ) plays an important role, as λ is used to reflect the variance of the random component in the model. Different degrees of variance in random components ultimately result in different parameter estimates. Therefore, a chi-square test is required to compare two models (Swait and Louviere 1993). When two models are shown to differ by the test, a direct comparison of parameters is not permitted where the models derive from separate sources of data (Louviere, Hensher, and Swait 2000).

Methods
Experimental design of a DCE 
A DCE is designed to elicit group work space-preferences in HE buildings. In our experimental design, each choice set comprises two space alternatives (Space A, Space B). We used the same attributes and attribute levels as in the DCE for individual work in Cha (2015). This is because the attributes and their levels used in Cha (2015) were identified for a general spatial choice situation in a building although his work is for individual work. Space alternatives in the DCEs are described with eight space attributes and four levels per attribute, shown here in Table 1. A full factorial design with eight space attributes and four levels results in 65,536 (48) different alternative spaces. However, because survey respondents cannot be asked to select from such a large number of alternatives, we adopted an orthogonal fractional factorial design that takes main effects into account and satisfies the requirements for orthogonality and level balance (Hensher, Rose, and Greene 2005; Ryan et al. 2012). Orthogonality in DCEs is important for maintaining a high degree of variation (and correspondingly low degree of correlation) amongst attributes, whilst level balance ensures that each attribute level has the same chance of being chosen in the experiment (Ryan et al. 2012). We extracted 32 space alternatives from the original 65,536 spaces, which we then paired with another 32 space alternatives generated by the cyclical shifting method to minimise the degree of overlap between attribute levels (Street, Burgess, and Louviere 2005). Finally, we divided the 32 choice-sets into four blocks to minimise the cognitive burden on respondents. Hence, each respondent was assigned a block of eight choice-sets, each of which comprised two space alternatives.
Table 1. Attributes' levels used in discrete choice experiment on group work: for the analysis, all attributes' levels were dummy coded and level 1 was used as baseline for comparison
Attributes	Attribute-levels
	         Level 1                      Level 2                       Level 3                        Level 4
Noise level	High (e.g. Dining hall at peak hours, 45dB)	Slightly high (e.g. Atria, circulation area, 40dB)	Medium (e.g. Library resource area,  Classroom,35dB) 	Low (e.g. Quiet study area in library, 30dB)
Lighting level	Slightly low (e.g. Circulation area 100 lux)	Medium (e.g. classroom, 300 lux)	Slightly high  (e.g. library reading area 500 lux)	High (e.g. Art room, drawing room, 700 lux )
Distance from window	Over 8m or No window view	8m (with window view but some obstacles between space and window, e.g. desks, other people) 	5m (with window view but some obstacles between space and window, e.g., desks, other people)	2m (with direct window view)
Desk size per person	0.25m2	0.5m2	0.75m2	1m2
Comfort of furnishing	Slightly low	Medium	Slightly high 	High
Distance from the nearest neighbor(not in your group)	1m	2m	3m	over 3m or no one around you
Degree of enclosure 	Open-concept: no walls, columns, or partitions around you	Open-concept: a side of the space is right next to a wall, a column, a partition, etc. 	Open-concept: 2 or 3 sides of the space are surrounded by walls, columns, partitions, etc. 	Room-type space
Walking time	6mins	4mins 30sec	3mins	1min 30sec

Data collection  
Data collection for the DCE was conducted using a face-to-face paper-based survey with structured questionnaires. The respondents were university students at four universities (the Baptist University of Hong Kong, the Chinese University of Hong Kong, the City University of Hong Kong, and Hong Kong Polytechnic University). Before the main data collection round, a pilot test was conducted to check the manageability of the survey with respect to duration and face validity. One hundred and eighty students were surveyed. At the beginning of the survey, they received a detailed explanation, and responses were monitored so that help could be offered when it was needed. Each respondent was given a block with 8 choice sets under the choice context, which was that “You are going to have a meeting or work together with classmates, friends, group members, or colleagues, which requires conversation, e.g. project group meeting, creating a PowerPoint presentation together, solving mathematical problems together”. Figure 1 shows an example of a spatial choice set. Most of the respondents clearly understood the experiment and took 11 minutes on average to finish the task. In the interests of reliability, we decided to exclude data from questionnaires that contained errors or had taken less than 5 minutes to complete. 

Figure 1. An example of a spatial choice set given to respondents: Students choose a space alternative according to their preference. 

As a result, a total of 2,464 observations from 154 students were entered into the analysis, which is a sufficient sample size for DCE according to the rules of thumb proposed by Orme (2010). Table 2 shows the demographic information for 154 respondents in the DCE. The age-group under 25 years old accounts for 85 per cent of the sample, and more than 70 per cent of the sample were undergraduate students. Gender in the sample was equally distributed.
Table 2. Demographic information of DCE for group work (N =154).
Age 	<25 years             25 - 30 years          >30 years 
 	85%                          14%                        1%
Gender	Male                        Female	 	 
 	50%                           50%		
Occupation	Undergraduate      Graduate                  
 	74%                           26%                       

Statistical Analysis 
We first collected demographic information and estimated a main effects model with space attributes alone, through conditional logistic regression using Stata v.12. In addition, models including both gender and age interaction terms were estimated to ascertain the influence of an age-gap and gender on spatial choice behaviour. Probability changes in spatial choices for group work in different design options were determined using Equation (4). The resulting model was then compared with Cha’s (2015) space preference model for individual work. In this comparison, we tested the equivalence of the two model parameters through a chi-square test (Swait and Louviere 1993).

Results
Parameter estimates for group work 
Parameter estimates from a main-effects model are presented through a standard conditional logit model using Stata v.12, as shown in Table 3. Attribute-levels of the model are dummy-coded to explore non-linear relationships between the levels, and parameter estimates of attribute-levels are then estimated through comparison with baseline conditions (i.e. high noise level, low lighting level, over 8m from a window or no window view, desk size of 0.25m2, a slightly depressed level of comfort in furnishing, 1m from the nearest neighbour, open space: no walls, columns, or partitions around and, finally, 6 minutes walking time). In the model, most parameter estimates show the expected signs, apart from some estimates of the space-attributes of “Lighting level” and “Comfort of furnishing”. The main predictors are “Noise level”, “Desk size”, and “Distance from the nearest neighbour”. In addition, no statistically significant influence of age difference and gender was found upon space-preference. 
Table 3. Space-preference in spatial choice behaviour for group work: level 1 is used as a baseline condition for comparison across all attribute-levels.
Variable	Model
	Estimate	Std. error
Noise level (β)	Slightly high (β1) 	0.131	 	0.124
	Medium (β2)	0.445	***	0.151
	Low (β3)	1.025	****	0.118
Lighting level (β)	Medium (β4)	0.391	***	0.146
	Slightly high (β5)	0.290	*	0.151
	High (β6)	0.232	*	0.124
Distance from window (β)	8m (β7)	0.124	 	0.145
	5m (β8)	0.101		0.144
	2m (β9)	0.211	*	0.119
Desk size (β)	.5m2 (β10)	1.340	****	0.164
	.75m2 (β11)	1.617	****	0.152
	1m2 (β12)	1.337	****	0.120
Comfort of furnishing (β)	Medium (β13)	0.213	 	1.510
	Slightly high (β14)	0.177		1.210
	High (β15)	0.080	 	0.640
Distance from the nearest neighbour (β)	2m (β16)	0.511	****	0.128
	3m (β17)	0.579	****	0.145
	over 3m or no one around you (β18)	0.772	****	0.117
Degree of enclosure (β)	Open-concept space: a side of the space is enclosed (β19)	0.206		0.141
	Open-concept space: 2 or 3 sides of the space are enclosed (β20)	0.029		0.145
	Room-type space (β21)	0.223	*	0.123
	4mins 30secs (β22)	0.058	 	0.125







*, **, ***, **** statistically significant at the 0.1, 0.05, 0.01, 0.001 level respectively.
Figure 2 clearly shows how part-worth utilities of space attributes change according to different space attribute-levels based on Equation (2). The graphs of part-worth utilities should be interpreted carefully, since the attribute-levels without asterisks shown in Table 3 are not statistically significant. A slightly elevated noise level (β1) has no difference from the baseline but the other two levels (β2 and β3) are highly preferred over the baseline. With regard to “Lighting level”, it was expected that the brighter level would be the more preferred, but it seems that a medium level (β4) of lighting is sufficient for group work. As levels of lighting increase, the parameter estimates correspondingly decrease, but nevertheless the other two levels (β5 and β6) are preferred over the baseline. The attribute-level of a window view within 2 metres (β9) is differentiated only from the baseline in space-preference. “Desk size” per person is the one of most important predictors for spatial-choice behaviour for group work. A “Desk size” of 0.5m2 (β10) represents a considerable departure from the baseline but little difference from the other two levels (β11, β9). No level of “Comfort of furnishing” has any effects on space preference for group work, with p-values over 0.1. In terms of “Distance from the nearest neighbour”, the greater the distance the more it is preferred over all other attribute-levels. For group work, no matter how many sides of the spaces are enclosed, only the room-type is preferred to the baseline. “Walking times” of one and half minutes (β24) and three minutes (β23) are preferred over the baseline, whereas four and a half minutes (β22) is not preferred over the baseline.

Figure 2. Part-worth utilities in all attribute-levels: Group work.

Change of space-use probability 
The degree to which each attribute-level influences spatial choice behaviour for group work can be measured by computing probability changes. Such changes indicate the difference between two percentages when choosing Space A (one level of an attribute different from baselines) or Space B (baselines) based on Equation (4), as shown in Table 4. The model classifies building space into 2,304 space types, all with different space-use probabilities according to a diverse mix of different levels of space-attributes: 2,304 space types are calculated by multiplying each space attribute’s number of parameter estimates with statistical significance (i.e. 4*4*4*3*3*2*2 = 2,034). This information assists architects’ decision-making when considering different spatial choice behaviour according to diverse design options. We describe the details of probability changes in each attribute below.
	Noise level: “Noise level” is one of the most important space attributes in spatial-choice behaviour. For group work, these levels do not differentiate between spaces with a high noise level (e.g. a dining hall at peak hours) and a moderately high noise level (e.g. a circulation area). However, when choosing a space, medium and low levels make considerable differences of respectively 22 and 47.2 percentage points compared to the baseline. 
	Lighting level: It seems that a medium level of lighting is satisfactory for group work. Even though it seems implausible that a space brighter than the medium level should attract fewer users, the result is meaningful in indicating that a space brighter than the medium level is not preferred for group work. 
	Distance from window: Spaces within 2 metres of a window attract more users by 10.6 percentage points, compared to spaces farther away from a window or without any window at all. 
	Desk size: The desk size of 0.5m2 per person seems adequate for group work, although larger desks attract a few more users with a difference of 8 percentage points. This implies that installing desks larger than 0.5 m2 for group use is a matter for the architect’s decision, taking into account the affordability of building space and furniture costs. 
	Comfort of furnishing: according to the model, “Comfort of furnishing” does not make a difference when choosing a space for group work. 
	Distance from the nearest neighbour: Maintaining a certain distance by changing the space configuration (or space density) can increase spatial choice probability by 36.8 percentage points. 
	Degree of enclosure: Only room-type space is preferred, with an increase of 11.2 percentage points no matter how many sides of the space are enclosed. If many working groups are expected in a building, then having more room-type spaces would help to accommodate group work. 
	Walking time: “Walking time” has an influence on spatial-choice behaviour by changing spatial preferences by up to 29 percentage points. 

Table 4. Probability changes of spatial choice according to different attribute-levels: Group work.




Lighting level 	Slightly high	22.1%	0.151	0.055
	High	46.4%	0.124	0.062





Distance from the nearest neighbour	3m	48.6%	0.145	0.000
	over 3m or no one around you	43.3%	0.117	0.000
Degree of enclosure	Room-type space	15.1%	0.123	0.069
Walking time	3mins	15.3%	0.150	0.031
	1min 30secs	29.0%	0.117	0.000
*Note that statistically non-significant attribute-levels over p-values of 0.1 are excluded.
Validation 
Validity and reliability were tested to check how well and how consistently the space-preference model elicits space preference for group work through a predictive success test (Bateman et al. 2002). Table 5 shows the four choice-scenarios comprised of different sets of different attribute-levels across eight space attributes for group work. A respondent answered four choice-scenarios and thus 160 spatial choice data were collected from 40 respondents. Subsequently, the actual percentages of choosing Space B over Space A at each scenario were compared with the space-use probabilities predicted by the models. As a result, Figure 3 illustrates the very similar variations overall between actual and predicted percentages (Mean percentage error: 5.48 per cent). This finding demonstrates that the space preference model of group work is both consistent and reliable in eliciting space preferences.
Table 5. Choice scenarios for a validation test: Group work.
 	Scenario A	Scenario B	Scenario C	Scenario D











Figure 3. Comparison between actual percentages and predicted percentages of choosing Space B: Group work.
Comparison between space preference models 
The parameter estimates of the two models, individual work and group work, were compared through a chi-square test. As a result, parameter estimates for the two models were found to be unequal – the chi-square statistic was 66.147 whereas the critical value for a significance level of 5 per cent is 36.415 according to the chi-square distribution table. This finding indicates that the two models have different parameter estimates and that a direct eyeball comparison between the two models would be invalid. For this reason, we compared the two models through probability changes according to the different levels of space attributes shown in Figure 4. These graphs show how the two models differ at each level across space-attributes. “Noise level”, “Desk size”, and “Distance from the nearest neighbour” are commonly the principal attributes having a high effect on spatial choice behaviour for individual work and group work. There is a close correspondence of the effect of “Walking time” in the two models. In general, spatial choice behaviour for individual work is more sensitive to variation in space attribute-levels than is the case with group work. We describe each of the probability changes in detail below. 
	Noise level: “Noise level” matters much more to those who are engaged in individual work, although it is one of the most influential space-attributes in both models. Moreover, in group work alone there is no difference between high (i.e. baseline) and moderately high noise levels. 
	Lighting level: Although “Lighting level” is important for individual work, it appears that it is less important for group work. While a high level of lighting attracts more users for individual work, for group work there is no probability of any increase above the medium level, so it appears that a medium level is satisfactory. 
	Distance from window: Only spaces with a direct window view and within 2 metres of a window have any effect on spatial-choice behaviour in both models. However, the effect of a window view on individual work is much more important than it is on group work, with a percentage difference of almost 20 percentage points. 
	Desk size: This is the only attribute that is slightly more influential on spatial choice behaviour for group work than for individual work, although the effect is almost equal up to a desk size of 0.75m2, whereas at a desk size of 1m2, it is even more influential for individual work. The bigger the desk the better for individual work, whereas 0.75 m2 is the most preferred desk-size for group work. We suspect that as conversation is necessary for group work, people prefer to avoid too wide a gap, such as would result from large-sized desks between group members. 
	Comfort of furnishing: For group work, “Comfort of furnishing” does not make a difference to choosing a space, whereas it matters for spatial choice behaviour in individual work, increasing the choice by 33.7 percentage points. This might be because those who do individual work tend to stay longer in the workspace than those who are engaged in group work, and thus “Comfort of furnishing” is more greatly valued for individual work. 
	Distance from the nearest neighbour: For individual work, users are satisfied by a separation of 3 metres from other people, which seems valid because architects also regard 3 metres as a distance at which users are not disturbed by others. By contrast, a greater distance from other people is more preferable for group work. It can be inferred from the result that those who do individual work prefer a space that is distant enough from others to secure their visual privacy, but at the same time they want to share in the atmosphere created by working with others. On the other hand, for group work, it seems that a low noise level matters, which might be secured only at a distance greater than 3 metres. 
	Degree of enclosure: For individual work, spaces with two or three enclosed sides attract people more than room-type spaces do, although room-type spaces are preferred over other types of open spaces. As mentioned above, this suggests that people prefer both to secure visual privacy and also to share the atmosphere of working with others. For group work, by contrast, a room-type space is preferred over other spaces, as shown by an increase of 11.2 percentage points. 
	Walking time: “Walking time” has almost exactly the same effect on each model, which increases spatial choice by 29 percentage points. Again, the effect is based on an attribute-level interval of one and half minutes, so the effect of “Walking time” on spatial choice behaviour will not be important in small buildings. 

Figure 4. Comparison between probability changes of individual and group work according to different attribute-levels: statistically non-significant attribute-levels are set to 0 per cent.
Demonstration of the Models
To demonstrate the application of the models in space planning and design, a simple Spreadsheet-based Design Decision Support (SDDS) tool was developed from Equation (4) with parameter estimates having a p-value of less than 0.1 in the models of individual work and group work. In the SDDS tool, based on IID assumption of the models, different numbers of alternatives can be compared simultaneously. Moreover, space attributes to be considered by the tool are selective so that part or all of the models’ space attributes can be used in the tool according to the choices made by tool-users. Lastly, intermediate levels such as 0.4m² and 0.6m² in desk size can also be included in the tool, based on the assumption of a linear relationship between the four attribute-levels used in the models, namely 0.25m², 0.5m², 0.75m² and 1m².  “Walking time” units were transformed back into “Walking distance” in consideration of walking speed, i.e. 1.26 metres per second (Park et al. 2012).
The advantages of the SDDS tool can be illustrated with a simple case example and comparison with the SUA (Kim et al. 2013), which is one of the most advanced approaches taking account of user, activity and space. A case example of six spaces with different space conditions is made as shown in Table 6. There are 140 users for individual work and 40 users for group work who are searching for a space. We assume that percentages between 40 and 65 are regarded as efficient rates of occupancy. The percentages of occupancy in each space are then predicted using the SUA and the SDDS tool (Figure 5).
Table 6. Case example with six different spaces. CapacityDistance Desk size per personNoise levelWindow viewS-a5090 m0.5m2Not allowed conversation Window viewS-b5090 m 0.75m2Not allowed conversation No S-c5030 m0.25m2Allowed conversationNo S-d5060 m0.5m2Allowed conversationNo S-e50120 m 1m2Allowed conversationWindow viewS-f50120 m 1m2Allowed conversationWindow view
 	Capacity	Distance 	Desk size per person	Noise level	Window view
S-a	50	90 m	0.5m2	Not allowed conversation 	Window view
S-b	50	90 m 	0.75m2	Not allowed conversation 	No 
S-c	50	30 m	0.25m2	Allowed conversation	No 
S-d	50	60 m	0.5m2	Allowed conversation	No 
S-e	50	120 m 	1m2	Allowed conversation	Window view
S-f	50	120 m 	1m2	Allowed conversation	Window view


Figure 5. Predicted percentages of occupancy using the SUA and the SDDS tool.
As shown in Figure 5, the SUA predicts that all spaces are used efficiently. The SUA considers the functional requirements of activities, so that it distributes users for group work only to four spaces, S-c, S-d, S-e, and S-f, where conversation is allowed, whereas users for individual work are evenly distributed across all six spaces. Although it is obvious that different conditions in the six spaces (e.g. window view, noise level, and distance) may differentiate users’ space-use, the SUA does not take those conditions into account. Indeed, many studies have found that users’ favourite spaces are located close to windows (Foster and Gibbons 2007; Organ and Jantti 1997; DeClercq and Cranz 2014). Weessies (2011) found that the distance from an entrance was strongly related to spatial choice. Webb, Schaller, and Hunley (2008) stated that users studying alone seek spaces that are disturbed by noise.  Users for group work also seek spaces where they are not disturbed by noise, but at the same they also do not want to disturb others (Silver 2007).
In this respect, the SDDS tool considers space preference to reflect diverse space conditions. It thus informs architects that S-c and S-d are underutilized and S-e and S-f are overcrowded. Using this information, architects can resize the spaces so as to ensure that they will be used efficiently. There will be many other opportunities to balance space-use by using the SDDS tool. These opportunities can be taken up by architects during the design phase, not just when they re-size the spaces but also when they make use of opportunities to provide better furniture or to adjust the number of spaces. Although this example is presented in a simplified way, it highlights how preference models can be used in building planning and design once they are developed and linked to the existing project-specific space-use prediction models.

Discussion and Conclusions
We developed a space-preference model of group work and compared it with a model of individual work. The model shows space preference for group work, with the expected sign in almost all attributes. Despite the importance of space-preference in actual space-use, existing space-use prediction models do not take preference into account. Although Goldstein, Tessier, and Khan (2011) attempted to explain spatial choice behaviour by differences in distance, the models shows that a difference in distance represented by “Walking time” can account for change in spatial choice behaviour by 29 percentage points at most, but that in small buildings any difference in distance will not be a determinant of spatial choice. Furthermore, there are other more influential attributes, such as “Noise level”, “Desk size”, and “Distance from the nearest neighbour”. In this regard, just as the earlier model of individual work has shown, the model of group work developed here contributes to more reliable and more accurate space-use prediction by quantifying space preference in spatial-choice behaviour based on probability.
The space-preference models provide architects with varying space-use information about different design options in a systematic and quantitative way. In turn, architects can balance space-use and reduce unnecessary space across buildings by referring to the model for their decision-making about building design. Furthermore, the comparison between the space-preference models of individual work and group work confirms their difference and the need for separate models for two different activity groups. As space-preference models of individual and group work predict spatial-choice behaviour differently, architects can also predict different space-use probabilities according to different activity types. For example, the space-preference model of group work implies that because “Comfort of furnishing” is not an influential attribute for spatial-choice behaviour, architects should not expect to create different space-use patterns for group work by modifying “Comfort of furnishing”. By contrast with group work, “Comfort of furnishing” is one of the main attributes that influence spatial choice behaviour for individual work. In addition, although the effect is small, having a desk-size of 0.5m2 per user seems cost-effective for group work, even though larger desks up to 0.75m2 attract more users; however, for individual work the larger the desk the more users it will attract. For individual work, a distance of three metres from the nearest neighbour is adequate. For group work, however, the greater the distance the more strongly preferred it will be. 
Although, as mentioned above, the models of individual work and group work are useful as stand-alone models, they predict space-use only among spaces that meet functional requirements of specified activities. It is thus important to know which spaces can accommodate which activities before using the models. Existing models/approaches (Tabak 2008; Kim et al. 2013) generate links between activities and spaces in the light of the functional requirements of those activities, so that the models’ predictive power will be increased when combined with the existing models/approaches. It will be increased still further with an agent-based space-use prediction (Cha and Kim 2015) that considers the time-factors, space-use of each-building user and, their behavioural rules such as individual memory, habitual behaviour, and variety-seeking. Although the model is limited in scope to HE buildings, the DCM approach can be extended to different types of activities and to users in different regions, in accordance with demands. It can also be applied on a project-by-project basis when the project requires decision to be taken about design. Lastly, some limitations of the group work model relate to the DCE experiment and data collection. DCE was designed to be as objective and realistic as possible, but the attribute-levels of “Noise level”, “lighting level”, and “Comfort of furnishing” are subjective even though some examples based on design guidelines and post-occupancy evaluations were included in the questionnaires. This might have resulted in a different impact for each attribute-level between one user’s and another’s spatial choices, according to their different perceptions.
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